Abstract: Accurate prediction of particle deposition indoors is important to estimate exposure risk of building occupants to particulate matter. The prediction requires accurate modeling of airflow, turbulence, and interactions between particles and eddies close to indoor surfaces. This study used a Based on the predicted 2 ′ v , we proposed an anisotropic particle-eddy interaction model for the prediction of particle deposition by the Lagrangian method. The model performance was assessed by comparing the computed particle deposition onto differently oriented surfaces with the experimental data in a turbulent channel flow and in a naturally convected cavity available from the literature. The predicted particle deposition velocities agreed reasonably with the experimental data for different sizes of particles ranging from 0.01μm to 50μm in diameter. This study concluded that the Lagrangian method can predict indoor particle deposition with reasonable accuracy provided the near-wall turbulence and its interactions with particles are correctly modeled.
Introduction
Scientific studies discovered significant association between the particle pollution and people's mortality and morbidity (Pope, 2000; Long et al., 2000) . A recent research found that the chance of lung cancer death increased by 8% for every 10 μg/m 3 increase of long-term fine particle exposure in the ambient air (Pope et al., 2002) . Since people spend more than 90% of their time indoors and particle concentration indoors is often higher than that outdoors (He et al., 2005) , exposure to indoor particulate matter (PM) can be a major threat to our health. Good understanding of the indoor particle exposure is thus necessary and important.
Particle deposition onto indoor surfaces can greatly alter the indoor particle exposure level. According to Nazaroff (2004) , particle deposition removes 10 μm particles 10 times and 2.5 μm particles 1 time as much as the ventilation does, for typical indoor environments with one air exchange rate per hour. So the accurate modeling of particle deposition is crucial in predicting the actual PM exposure level in an indoor environment.
In general, there are two methods studying the particle deposition: experimental investigations and numerical simulations. Experimental investigations provide accurate indoor particle deposition data, such as those summarized by Lai (2002) and conducted more recently by Bouilly et al. (2005) and Lai and Nazaroff (2005) . Although those measured deposition rates vary with particle sizes in a similar trend, they can differ by one to two orders of magnitude between different experiments. The large variations in measurements indicate that factors other than particle size also influence the particle deposition rates. Those factors can be the airflow pattern, turbulence level, and properties of indoor surfaces, etc. However, it is often very difficult to measure and report all those crucial information in experiment. So those measurements may not be comparable, and the interpretation of the large variations on deposition rates can be difficult.
Alternatively, the numerical modeling approach can accurately control most of those important factors, making the comparison and interpretation between numerical results viable and meaningful. However, to develop an accurate particle deposition model is very challenging, which requires accurate modeling of airflow, turbulence, and particle-eddy interactions. Commonly used airflow and particle models may not be adequate. For example, Tian and Ahmadi (2007) compared different model predictions of particle depositions in channel flows. The predicted particle deposition velocities, based on the popular k-ε model, were higher than the measured data by one to four orders of magnitude for particles ranging 0.01 to 10 μm in diameters. Such errors in deposition predictions can have a major impact on the prediction accuracy of PM exposure indoors. Therefore, to develop an accurate particle deposition model along with appropriate airflow model is necessary.
In this paper, we propose a numerical model for accurate prediction of particle deposition in indoor environments. The model is validated and evaluated by quality experimental data in the literature, and is used to analyze indoor particle deposition characteristics.
Research methods

Brief review of modeling methods of predicting indoor particle deposition
There are two modeling methods in predicting particle deposition: the Eulerian and Lagrangian methods. The Eulerian method treats particles as continuum and correlates particle deposition to airflow properties inside the concentration boundary layer. The airflow properties are input parameters of the deposition model and can be obtained analytically by assuming ideal airflow conditions and by fitting with experimental data. For example, Lai and Nazaroff (2000) developed an indoor particle deposition model that represents the state-of-the-art of such Eulerian method. By presuming an airflow parameter (i.e., the friction velocity) their model prediction agreed reasonably well with the experimental data by Cheng et al. (1997) . However, the model prediction was less satisfactory in predicting particle deposition in another enclosed environment (Lai and Nazaroff, 2005) . Such Eulerian deposition model is semi-empirical, and relies on the assumptions of the flow features inside the boundary layer. Due to the complexity of the indoor airflow, those assumptions could fail, and the performance and robustness of the Eulerian method can be affected.
Alternatively, the Lagrangian method tracks each particle directly based on the predicted airflow field by computational fluid dynamics (CFD), and avoids presuming flow conditions inside the boundary layer. However, the performance of the Lagrangian method is very sensitive to the accuracy of the predicted mean flow and turbulence, particularly near walls. The strict requirement on near-wall flow and turbulence modeling challenges the modeling capacity of many Reynolds-averaged-Navier-Stokes (RANS) models (Zhao et al., 2004; Zhang and Chen, 2006) .
Effective near-wall treatment for the Lagrangian method is therefore necessary to the accurate prediction of particle deposition. Li and Ahmadi (1992) developed a near-wall model using DNS analysis of simple flows to quantify the wall-normal turbulent fluctuation within the viscous layer near a wall. Tian and Ahmadi (2007) successfully applied the near-wall model with a Reynolds stress model (RSM) to predict particle depositions in channel flows. Lai and Chen (2007) adopted a similar method with the RNG k-ε turbulence model to predict indoor particle dispersion and deposition. The Lagrangian prediction of deposition fractions agreed with their Eulerian simulations. However, the deposition prediction was not further validated experimentally due to the lack of directly measured deposition data. Bouilly et al. (2005) conducted both Lagrangian simulations and experimental measurements of particle deposition rates in an indoor environment. They used large eddy simulation to predict the airflow and turbulence. The predicted deposition rates of coarse particles (5 μm and 10 μm in diameters) agreed well with their measured data. Measured deposition rates for finer particles were reported, but no corresponding numerical results were provided. They indicated that further validation, especially for finer particles, was still necessary. More efforts need to be made in developing an accurate Lagrangian particle deposition model for both fine and coarse particles for indoor environments. This requires both suitable airflow and particle-eddy interaction models.
Modeling of airflow and turbulence features by CFD
Accurate prediction of airflow and turbulence is crucial to the success of modeling the particle deposition onto surfaces (Tian and Ahmadi, 2007) . Zhai et al. (2007) and evaluated a large variety of turbulence models in predicting airflow and turbulence in enclosed environments. These models covered a wide range of CFD approaches including RANS, detached eddy simulation, and large eddy simulation. Among these models, a modified 2 ′ − v f model (Lien and Kalitzin 2001; Davidson et al. 2003) had the best accuracy in predicting the mean flow and the turbulence. This study thus applied the 2 ′ − v f model (hereafter v2f-dav model) in predicting the airflows. The model formulation has the general form:
where φ represents independent flow variables, ,eff φ Γ the effective diffusion coefficient, S φ the source term of an equation, and the over bars denote the Reynolds averaging. Table 1 summarizes the mathematical form of each transport equation of the v2f-dav model. In Table 1 , u i is the velocity component in i direction, T air temperature, k the kinetic energy of turbulence, ε the dissipation rate of turbulent kinetic energy, 2 v′ the wall-normal turbulence fluctuation, p air pressure, H air enthalpy, μ t eddy viscosity, G φ the turbulence production for φ, S the rate of the strain, and f is a part of the 
Where Δy is the wall distance.
Modeling of particle motion by the Lagrangian method
The Lagrangian method tracks particles by solving the following equations based on the predicted airflow field:
The left hand side of the equation represents the inertial force per unit mass (m/s 2 ), where p,i u is the particle velocity component in i direction. The first term on the right hand side is the drag term, where τ is the particle relaxation time, C D the drag coefficient, Re p the Reynolds number based on the particle diameter, particle velocity, and air velocity. The second term represents the gravity and buoyancy, where ρ and ρ p are the density of the air and particles, respectively. The
F and Th,i F are the Brownian force, the shear induced lift force, and the thermophoretic force on a unit mass basis, respectively.
The drag coefficient for a spherical particle was calculated according to Hinds (1982) :
Re 1; Re C 24 1 0.15 Re 1 Re 400. Re
In general, the drag force is the dominant force on particles while the other forces can become important depending on the particle size and flow conditions. So these forces are included and modeled as follows:
where, ζ is a Gaussian random number with zero mean and unit variance, σ is the StefanBoltzmann constant, Δt is the time step for particle tracking, d ij is the rate of deformation tensor, k and k p are conduction coefficient of fluid and particle, and Kn is the Knudsen number. More detailed information of those forces is available in the FLUENT reference manual (FLUENT, 2005) .
Modeling the turbulent dispersion of particles and the particle-eddy interactions near walls
Particle turbulent dispersion is associated with the instantaneous flow fluctuations and is an important mechanism of particle deposition. When particles are in the turbulent core and the turbulence is assumed to be isotropic, the discrete random walk model (DRW) can be used to model the particle turbulent dispersion. The isotropic DRW model correlates the instantaneous flow fluctuations with the turbulent kinetic energy k:
u' is the modeled fluctuation velocity in i direction, ζ is a Gaussian random number with zero mean and unit variance. The sum of the i u' and the mean velocity i u was used as the instantaneous air velocity u i in equations (3) and (6).
Previous studies have confirmed that the isotropic DRW model is effective and accurate in modeling particle dispersion and distribution in various flows (Gosman and Ioannides, 1981; Lai and Chen, 2007; . However, directly applying the isotropic DRW model with a RANS model (e.g. standard k-ε model) can lead to significant over prediction of particle deposition rate. This is because RANS models with simple wall treatment cannot predict the extremely anisotropic turbulence near wall. The turbulence fluctuation perpendicular to wall is damped out significantly faster than that in other directions close to a surface. Since the v2f-dav model directly predicted the wall-normal fluctuation 2 ′ v near wall, this investigation used the 2 ′ v profile to modify the isotropic DRW model. The modified DRW model accounted for the anisotropic particle-eddy interactions near wall, and can be expressed as:
where the subscripts ⊥ and denotes the spatial coordinates normal and parallel to a wall, and Lim y + sets the upper bound of the anisotropic region.
The generated instantaneous fluctuations by equation (9) remained unchanged for a particle trajectory within a time that is the minimum of the eddy life time and the time needed for the particle to cross the eddy (FLUENT, 2005) .
Calculation of the particle deposition velocity from Lagrangian trajectories
The particle deposition velocity measures the rate of the deposition process and is given as:
where J is the deposition flux onto a surface defined as the number of particles deposited per unit time and unit area of the surface, and C ∞ represents the mean particle concentration.
The study used two schemes to derive V d according to two different Lagrangian tracking strategies. For the first tracking strategy, particles are initially uniformly distributed in a domain and are released simultaneously. Each trajectory represents the path line of a single particle. When the trajectory hits the wall at time t, it indicates one particle deposits at that time as shown in Figure 1 (a). The particle deposition velocity onto a surface can be estimated by counting the number of deposited trajectories in a time period:
where N d is the number of trajectories deposited within time period t, A is the area of the surface, N is the time averaged number of particles in the space, and V is the volume of the space. Zhang and Ahmadi (2000) successfully applied such scheme in simulating particle deposition in channel flows.
For the second tracking strategy, particles are released simultaneously from a point source. Each trajectory represents a strike line and carries certain flow rate of particles. When the trajectory hits the wall at time t, succeeding particles will hit at the same location on the wall after time t as illustrated in Figure 1 (b). So the particle deposition flux J can be estimated as:
where n is the number of trajectories, i M is the particle number flow rate carried by each trajectory i, dep i t is the time at which trajectory i deposits, and t max is the maximum computing time for each particle. t max was set to be identical for all trajectories. If a particle has not yet deposited at the end of the computation, dep i t = t max . The averaged particle concentration at time t max can be estimated accordingly as:
Therefore, the particle deposition velocity can be also expressed as:
The second tracking strategy is in accord with the experiments that release particles continuously during measurements (e.g., Thatcher et al., 1996) while the first strategy simulates the conditions that particles are premixed and particle concentration continues to decay during measurements (e.g., Bouilly et al., 2005) . In the present study, we used both deposition calculation schemes to correspond to the tracking strategies and associated experimental conditions.
Numerical procedures
This study used commercial CFD software, FLUENT (version 6.2) to predict both air motion and particle deposition. The numerical procedure for the flow simulation was identical to that used by , and was not repeated here. For the particle simulations, the isotropic DRW model is not compatible with the anisotropic near-wall treatment as state in equation (9). The nearwall treatment was implemented into an anisotropic DRW model associated with a Reynolds stress model (RSM) by using user-defined functions. The anisotropic DRW model can be expressed as:
where i i u' u' is the normal Reynolds stress component in i direction.
Hence, we used the v2f-dav model in predicting the airflow and adopted the RSM affiliated Lagrangian method to predict particle dispersion and deposition. Final status of each trajectory including its deposition time and position was recorded to calculate the particle deposition velocities using additional user-defined functions.
Results and discussion
This investigation first validated the deposition model in an isothermal turbulent channel flow because of quality experimental data available in the literature. The validated model was then applied to study particle deposition onto surfaces of different orientations in a naturally convected cavity. The experimental data by Thatcher et al. (1996) had superior quality and was used to further analyze and evaluate the model performance. (1987) . The predictions of the v2f-dav model agreed well with the DNS results in both the mean flow and its turbulence statistics. As a reference, this study also included the prediction of turbulence by the RNG k-ε model and by the quadratic function used by Tian and Ahmadi (2007) . The RNG k-ε model predicted the correct k profile but not the 2 ′ v profile due to the isotropic assumption used. The quadratic function was only accurate in the viscous sublayer within y+ < 4 above the wall.
Predicting particle deposition in a channel flow
For particle simulations, the study tracked particles of 26 different sizes between 0.01μm and 50μm in diameters. The density of all particles is 2450 kg/m 3 . For each particle size, 30,000 particles were initially uniformly distributed within y+ < 30 above the lower wall. Initial particle velocities were identical to the ambient airflow. Particle deposition velocities were calculated according to equation (11). An ensemble of 30,000 trajectories ensured sufficient statistical confidence of the predicted deposition velocities. Figure 4 shows the comparison of predicted results and experimental data from the literature collected by Sippola (2002) . The deposition velocity and the particle relaxation time were normalized by the friction velocity u * and the turbulence time scale *2 u /ν . Numerical predictions by Tian and Ahmadi (2007) were marked as grey lines, which were only approximate readings from their work for general comparison. One should refer to original paper for accurate data. Nevertheless, it is clear that particle deposition velocity can be dramatically over predicted based on RANS models without accurate prediction of the wall-normal fluctuation near walls. Because the v2f-dav model and the quadratic correction presented correct near-wall turbulent structures, both methods well predicted deposition velocities for particles of various sizes. The comparison confirmed that it is important to predict accurately the near-wall turbulence in order to correctly model the particle deposition by the Lagrangian method.
Comparison of Figures 4 (a) and (b)
shows the impact of gravity on deposition for particles of different sizes. When particles are small with the dimensionless relaxation time less than 10 -2 , gravity does not have visible impact on the particle deposition. The downward gravitational settling becomes increasingly important for coarser particles, and the surface orientation greatly alters the deposition characteristics. Since an indoor environment consists of surfaces of different orientations, it is important that the particle model can accurately predict particle deposition onto differently oriented surfaces.
Although the deposition model with v2f-dav proposed here and that with the RSM model by Tian and Ahmadi (2007) are both accurate in turbulent channel flows, their computing costs are different. In fact, reported that a RSM model requires about 2-4 times computing time compared with the v2f-dav model, while the RSM model could experience convergence difficulties in complicated indoor environments. Meanwhile, the v2f-dav model has better accuracy than the RSM model tested by in different flow scenarios. Therefore, the particle deposition model based on the v2f-dav model is potentially suitable for indoor environmental studies and was further tested.
Predicting particle deposition onto differently oriented surfaces in a naturally convected cavity
The particle model was validated in the previous section in an isothermal channel flow. Since the flow features in channel is simple and well understood, it is not surprising that the CFD simulations could reasonably predict the deposition behaviors. In contrast, the thermo-fluid conditions in indoor environments are more complicated and case dependent. The present case studied is to further test the model performance in predicting particle deposition onto differently oriented surfaces in a naturally convected indoor environment. Figure 5 presents the general information of the experimental chamber constructed by Thatcher et al. (1996) . It is a cubic cavity with a vertical wall and the floor heated and with the ceiling and another wall cooled. The temperature differential between heated and cooled surfaces is 20 K while the front and back surfaces are well insulated and adiabatic. The Rayleigh number was about 4×10
9 , similar to that of a typical full sized room with the wall-to-air temperature difference of ±1.25K. The whole experimental chamber was carefully designed and controlled so that the surface temperature was uniform even at the corners. The thermal boundary conditions formed a counter-clockwise airflow in the cavity.
In the particle deposition experiment, highly mono-dispersed spherical particles were released from the cavity center. Overall particle concentration in the chamber was monitored and deposited particles onto four non-adiabatic surfaces were collected and analyzed to calculate the deposition velocity. Thatcher et al. (1996) measured particle deposition velocities in five different sizes including 0.1μm, 0.5μm, 0.7μm, 1.3μm, and 2.5μm in diameters. All particles were solid ammonium fluorescein particles with a density of 1350 kg/m 3 . Experiments were repeated for each particle size to ensure the statistical confidence of the experimental results.
The airflow simulation used boundary conditions in accord with the experiments. The computational domain was two-dimensional, containing 60×60 computing cells with refined mesh near all surfaces to capture the near-wall turbulence. The first grid point was 1 mm above the surfaces corresponding to y+ = 0.5 to 1. Predicted mean airflow pattern is shown in Figure 5 , and the turbulence in Figure 6 . The strongest turbulence occurred in the lower-left and upperright corners due to the confrontations of air streams with high temperature differential. The strong turbulence at corners partially explained that the measured particle deposition velocities were higher at these corners than at other regions in the experiment.
Further validation of the airflow and temperature distribution is difficult as the experimental study did not provide very detailed flow information. However, the performance of the v2f-dav model in the naturally convected space is reliable according to the recent study by . Then this investigation applied the Lagrangian method to predict the particle dispersion and deposition. The anisotropic near-wall treatment as stated in equation (9) were applied to y+ < 60 region above the walls. The particle sizes studied were 0.1μm, 0.2μm, 0.3μm, 0.4μm, 0.5μm, 0.7μm, 1.3μm, 2.2μm, and 2.5μm in diameters, respectively, and 10,000 trajectories were tracked for each particle size. This study used a constant time step of Δt=10 -3 (s) and tracked totally 2×10 5 time steps for each trajectory. The deposition velocities in the present case were calculated according to equation (14). Figure 7 compares the predicted and measured particle deposition velocities onto different surfaces. As a reference, the simulated results without considering Brownian force were also presented. In general, the predictions with and without the Brownian force are similar. Both the predictions agreed reasonably well with the measured data on all the surfaces while some differences still exist.
As shown in Figure 7(c) , the predicted deposition rate without considering the Brownian force reduced to zero for particles smaller than 0.4μm, which deviated from the measured data. In contrast, the Brownian force did not significantly alter the deposition rates on other surfaces for particles coarser than 0.1μm as shown in Figures 7 (a), (b) and (d) . According to Li and Ahmadi (1992) , the Brownian force was only significant in the deposition process for particles smaller than 0.05μm in diameter. The Brownian force above the floor is not expected to be comparable with the drag force for particles larger than 0.1 μm in diameter. Therefore, the significance of the Brownian force in particle deposition onto the floor is likely associated with some unique flow features that only occurred near the floor. Figure 8 (a) illustrates the difference of the flow structures near the heated floor. The mean wallnormal velocity above the floor was pointing upwards within at least 10mm above the floor. This was due to the upward buoyancy effect near the heated floor. The upward velocity led to upward drag to particles near the floor. For small particles whose gravity is negligible, the Brownian force became the only important force that can create downward motion and can deposit on the floor. Without considering the Brownian force, small particles are unlikely to deposit onto the floor. In contrast, the wall-normal velocity near the heated vertical wall was pointing towards the surface as shown in Figure 8 (b). A particle could thus deposit to the wall due to the dominant wall-pointing drag force. The same theory could be applied to the cooled ceiling and wall. The near-wall drag force, rather than the Brownian force, determined the deposition rates for small particles on these surfaces.
The study also studied the importance of the thermophoretic force and the lift force in the deposition process. For the particles of 0.1-2.5 μm in diameters, the predicted deposition velocities onto all surfaces did not alter significantly by excluding either the thermophoretic or the lift force.
Meanwhile, the present numerical model predicted significant deposition on the warm wall for super micron particles. This finding agreed with the experimental data but not with the semiempirical Eulerian model by Nazaroff and Cass (1989) , which would predict a low deposition rate. Thatcher et al. (1996) reported that the high flow instability led to high particle deposition rates in their measurements. In addition, our analysis showed that the wall-pointing airflow near the warm wall was also an important factor to the high particle deposition velocities. With such a complex flow in indoor environment, the accuracy of the semi-empirical Eulerian model can be affected. The Lagrangian method can have a better performance in predicting particle deposition.
Although the predicted particle depositions agreed in general with the measured data, the numerical results remarkably over-predicted the particle deposition velocities onto the warm wall for particles smaller than 0.7 μm. The error is likely attributed to the profile of wall-normal velocity near the warm wall and the experimental uncertainty. For example, the wall may not be perfectly vertical and temperature on wall may not be uniform, as suggested by Thatcher et al. (1996) . However, without detailed experimental information, further evaluation and exact explanation are difficult.
Conclusions
This investigation proposed a new method for accurate prediction of particle deposition onto indoor surfaces. We used the 2 ′ − v f turbulence model to predict the airflow and turbulence, and proposed an anisotropic particle-eddy interaction model for the Lagrangian method to predict the particle deposition process.
The turbulence model and the modified Lagrangian method were tested and evaluated in the present study. The study found that accurate prediction of the airflow and turbulence, particularly close to walls, is very important to determine particle deposition onto surfaces by CFD with the Lagrangian method. The ′ − v f model, the Lagrangian method with the anisotropic particle-eddy interaction model can predict the particle deposition velocities onto different surfaces with reasonable accuracy. This integrated airflow and particle model can be used to predict and analyze the particle deposition process in indoor environments.
Our analysis demonstrated the importance of surface properties, such as the surface orientation and the surface-to-air temperature differential, to the particle deposition. The surface orientation directly determined the impact of gravitational force on the particle deposition rates for coarse particles. The combination of surface orientation and surface-to-air temperature differential influenced the near-wall flow and turbulence structures, and can greatly affect particle-eddy interaction for fine particles near the surface. In the present study, the heated floor in the naturally convected space created a unique flow structure that made the Brownian effect dominant in determining particle deposition for particles up to 0.5μm in diameter. A particle deposition model thus needs to correctly resolve the detailed flow conditions near surfaces with different thermal and geometrical properties. (Thatcher et al. 1996) . The two red frames enclosed the surface areas where deposited particles were collected in the experiment; the colored contours represent the magnitude of simulated air velocity (m/s) inside the cavity. 
